The goal of this paper is to explore the relationship between momentum effects and liquidity in cryptocurrency markets. Portfolios based on momentum-liquidity bivariate sorts are formed and rebalanced on a varying number of cryptocurrencies through time. We find a strong momentum effect in the most liquid cryptocurrencies, which supports the theories of investor herding behavior.
Introduction
The cryptocurrency market has evolved rapidly throughout the past decade, attracting the interest of researchers and investment professionals seeking to understand how its diversification potential [1, 2] , underlying dynamics [3, 4] , and how their statistical characteristics [5, 6] compare to those of traditional asset classes. A study by Urquhart [7] reports evidence that the Bitcoin market may be evolving towards efficiency, while Kristoufek [8] suggests that this is related to periods of cooling down after price bubbles. In addition, a study by Brauneis et al. [9] suggests that this efficiency seems to increase with liquidity. These results are supported by Wei [10] who finds lower Hurst exponents in illiquid cryptocurrencies with evidence of mean reversion. While other studies report the existence of momentum effects in cryptocurrency returns [11] , an open question remains about the pervasiveness of the momentum effect and its relation to liquidity in the cryptocurrency market.
Motivated by results from international equity markets suggesting a stronger momentum effect in liquid market states [12] and the prospect of finding new evidence from cryptocurrency markets, in this paper we explore the relationship between momentum and liquidity using bivariate momentum-liquidity sorts over a large set of cryptocurrencies. We find a significant momentum effect in highly-liquid cryptocurrencies and a significant illiquidity premium within the last period's loser cryptocurrencies, supporting the line of theories which hypothesize that momentum may indeed be caused by investor herding behavior [13] . In addition, based on the observed phenomena, we explore two long-only cryptocurrency portfolios which exhibit notable improvement in the risk adjusted performance over the capitalization-weighted portfolio.
Data
We consider a dataset of daily cryptocurrency market capitalizations, prices, and trading volumes, obtained from coinmarketcap.com. Firstly, we remove all of stablecoins, which are pegged to certain fiat currencies or commodities, from the analysis. We restrict the dataset to the period from January 2015 to January 2019, since the years before 2015 contain few cryptocurrencies and very little trading activity. Rather than selecting a fixed subset of of cryptocurrencies, we use a set of heuristic inclusion criteria for cryptocurrencies at a given time: (i) the cryptocurrency exists for at least a period of length T (c) prior to selection; (ii) the marketcap over the given period T (c) was never smaller than M (c) . These conditions ensure that the most relevant and liquid cryptocurrencies are considered, just as any realistic investor would do. In this study, we use T (c) = 26 weeks, which approximately amounts to 1/2 year, and M (c) = 10 6 (1 million) US dollars, which is sufficiently small in order to avoid any large-cap bias. Throughout the analyzed time interval, a total of 711 cryptocurrencies met the proposed criteria at least once, and the number of cryptocurrencies included in the analysis through time is given in Figure 1 .
Tests and results
To explore the interplay between momentum and liquidity in the cross-section of cryptocurrency returns, we form 9 momentum-illiquidity portfolios. To measure momentum, the previous performance (in terms of cummulative return) is used:
over the period of T mom = 14 days (2 weeks). Based on C i (t), the selected cryptocurrencies are sorted and divided into three groups: losers (lower 30%), neutral (between the 30% and 70% percentile), and winners (upper 30%). To measure liquidity we use the Amihud [14] illiquidity measure:
where V i (t) is the traded volume (in USD) of cryptocurrency i on day t, and the lookback period T illiq = T mom = 14 days. Based on this measure, the selected cryptocurrencies are divided into three illiquidity-sorted groups: liquid (lower 30% by I i (t)), neutral (between the 30% and 70% percentile), and illiquid (upper 30%). The portfolios are equal-weighted and rebalanced every two weeks (14 days). We calculate the mean daily returns and their standard deviations for each of the considered portfolios. In addition, to measure the risk-adjusted performance we calculate the information ratio:
where R p is the portfolio return and R b is the benchmark return, for which we use a capitalizationweighted portfolio, Finally, constructed of all cryptocurrencies which satisfy the inclusion criteria at the time of rebalance, and also rebalanced every two weeks. For each of the illiquid, neutral, and liquid classes we create zero-investment UMD = winners -losers portfolios. Similarly, for each of the losers, neutral and winners classes we calculate the zero-investment IML = illiquid -liquid portfolios. The statistics for momentum-liquidity bivariate sorts are given in Table 3 , with the results of two-tailed t-tests for the returns of the zero-investment U M D and IM L portfolios.
It is evident from the results that both the momentum (U M D) and illiquidity (IM L) factors
are not pervasive in all brackets. Instead, illiquidity seems to be most profitable among the losing cryptocurrencies, where the returns of the IM L portfolio are the highest (with a mean of 0.52%) and statistically significant at the α = 0.05 level. Moreover, momentum seems to be most pronounced in liquid cryptocurrencies, for which the U M D portfolio exhibits its highest returns with a mean of 0.26% and is also statistically significant, while the illiquid cryptocurrencies very interestingly seem to exhibit a mean reversion effect, with the illiquid losers portfolio exhibiting higher returns (1.07%) Tablica 1: The mean daily return, daily standard deviation, and the annualized information ratio for the 9 momentumliquidity portfolios, and the respective IM L and U M D zero-investment portfolios. In the mean return table, the values related to the U M D and IM L significant at the α = 0.05 level according to a two-tailed t-test are marked with an asterisk (*).
than the illiquid winners (0.53%), which seems to confirm Wei's [10] previous results. These findings are also confirmed by the standard deviations in the studied portfolios, which are higher in the illiquid cryptocurrencies, but also generally higher for winners. It has been argued that momentum might be caused by investor herding behavior [13] , and together with the positive feedback found in socio-economic signals related to cryptocurrency markets [15] , this provides an explanation for why momentum is mostly pronounced in highly-liquid cryptocurrencies.
Due to limited shorting opportunities in cyrptocurrency markets, the long-only liquid winners and illiquid losers portfolios may be the most interesting for investors. Their historic performance, without trading costs and assuming zero market impact, are shown in Figure 2 , together with the market (capitalization weighted) portfolio. The mean return, standard deviation (volatility), and information ratios for various levels of trading costs are given in Table 3 . Tablica 2: The mean daily return, standard deviation (both in %), and the information ratio for the illiquid losers and liquid winners portfolios, for different levels of trading costs ranging from 0 to 100 basis points (0-1%).
Although both of these long-only strategies seem profitable when met with transaction costs, the performance of the illiquid losers portfolio may additionally deteriorate in practice, especially since it is concentrated in the most illiquid cryptocurrencies for which the indirect trading costs due to the bid-ask spread may be significantly higher. However, the liquid winners portfolio, since it is mostly concentrated in highly-liquid cryptocurrencies, should be much less exposed to these issues in practice.
Conclusion
In this paper we explore the interaction of momentum and liquidity in the returns of 711 cryptocurrencies by forming bi-weekly rebalanced momentum-liquidity portfolios. We find a statistically significant momentum effect in the most liquid cryptocurrencies, which extends the theories of investor herding to the cryptocurrency market. In addition, we study two long-only strategies which are found to exhibit improved risk adjusted performance over the market capitalization weighted portfolio, even when transaction costs are included.
